The three-dimensional visualisation is an important aid for the detection and diagnosis of pulmonary nodules. The traditional method by which clinicians restore the 3D structure of pulmonary nodules (i.e., by subjective imagination and clinical experience, which may not be intuitive or accurate) is not conducive to pulmonary nodule extraction and quantification. Therefore, we herein propose an algorithm of pulmonary nodule segmentation and 3D reconstruction based on 3D region growing in positron emission tomography-computed tomography (PET-CT) image sequences. First, k-means clustering was used for the lung parenchyma segmentation. Next, 3D surface rendering reconstruction of lung parenchyma was performed. Finally, the novel 3D region growing method optimised by ant colony optimisation (ACO) was used to segment the pulmonary nodule. Our proposed method was more efficient than traditional methods in the present study. The experimental results show that our algorithm can segment pulmonary nodules more fully with high segmentation precision and accuracy.
Introduction
Early detection and diagnosis of pulmonary nodules has high significance in improving the survival rates of lung cancer (Siegel et al., 2012) . Pulmonary nodules are mainly detected by segmentation algorithm as they appear on computed tomography (CT) images. The accuracy of the segmentation results will directly affect the extraction and quantification of characteristics of the pulmonary nodules and thus affect the accuracy of the subsequent classification and diagnosis of the nodules. 3D reconstruction can provide a scientific, accurate reconstruction of a detected object, overcoming the uncertainties associated with the traditional method. Thus, 3D image reconstruction technology has strong clinical practicality (Huang and Qiu, 2011) .
In recent years, 3D reconstruction technology has represented an important research direction in the field of computer imaging processing. The contour-connecting method was used for 3D object reconstruction at early stages (Keppel, 1975; Fuchs et al., 1977; Ekoule et al., 1991) . Herman and Liu (1979) proposed the Cuberille algorithm, which divides 3D volume data into the object and the background (two parts), then each sample point in the object data constructing cube, judge blocked relationship with Z-buffer algorithm, showing segmented result isosurface. In the work of He et al. (2002) proposed a 3D medical image surface reconstruction algorithm based on segmentation. Li and Qiu (2010) presented a high-resolution CT image of solitary pulmonary nodule (SPN) extraction based on 3D vascular reconstruction. A three-dimensional segmentation method of lung parenchyma based on CT image sequences was introduced by Ren et al. (2010) which achieves the average segmentation accuracy of 91.55% in their dataset. Netto et al. (2012) applied the growing neural gas algorithm to lung nodule segmentation. In this method, the lung area was extracted and reconstructed from CT images. Next, the nodules, blood vessels, and bronchi were segmented by growing neural gas and classified with a support vector machine. Zhao et al. (2015) described an automated pulmonary nodule segmentation method based on particle swarm optimisation and self-generating neural networks.
However, most of the previous literature describes reconstruction of pulmonary nodules directly segmented from two-dimensional CT slices; these studies did not consider the effect of positron emission tomography (PET) images of pulmonary nodules. Swarm intelligence algorithms have proved to be effective to solve complex optimisation problems (Cai et al., 2016; Cui et al., 2017) . To create more accurate 3D images of pulmonary nodules, we used the PET features of pulmonary images as a reference to create an algorithm based on 3D region growing, and use the ant colony optimisation (ACO) to optimise selecting seed points. First, the lung parenchyma is segmented from the image slices by k-means clustering. Next, 3D surface rendering reconstruction is performed to reconstruct lung parenchyma. Finally, the 3D region growing method based on ACO is used to segment the pulmonary nodule. Experimental results show that our algorithm can segment pulmonary nodules more fully with high segmentation precision and accuracy.
Ant colony optimisation
The ACO algorithm was first proposed by Colorni et al. (1991 Colorni et al. ( , 1992 . ACO is an optimum searching algorithm and it was inspired from the path in the process of ants searching for food. The main idea of ACO is: in the process of foraging, the ant colony leaves pheromone on their foraging way to convey information; then the ants after analysis the pheromone and try to choose the path with more information; thus, a positive feedback mechanism would come into being, and the most optimal path would be found. In this process, there are two key factors: update of the matrix of transition probability and update of the matrix of pheromone.
Suppose the range of activity of an ant is a circle with a radius of r, represented as Ω = {x s | d sj ≤ r, s = 1, 2, •••, N}, and set the initial value of each element as τ init . Define the transition probability of the ant from x i to x j as ( ) :
In equation (1),
is the value of pheromone, (η ij ) is the heuristic information, and the constant α and β respectively denotes the relative importance of them, in which α + β = 1, α > 0.5.
After all the ants moving, update the pheromone matrix according to equation (2): 1 0
(1 )
In equation (2), ψ denotes the attenuation coefficient of pheromone.
In image processing, defining a threshold T for the matrix of pheromone can tell a pixel point whether an edge point.
Implementation of the novel nodule 3D reconstruction method
The specific implementation of the algorithm contains three steps: segmentation of lung parenchyma, 3D reconstruction of lung parenchyma and segmentation of pulmonary nodules based on the 3D region growing optimised by ACO.
Segmentation of lung parenchyma
We used a k-means clustering algorithm to segment the lung area in positron emission tomography-computed tomography (PET-CT) sequences. The k-means clustering algorithm was first proposed by MacQueen (1967) . An image can be seen as a vector set of data points X = {X 1 , X 2 , …, X n }. Using K-means to segment an image is to cluster the dataset X, and the goal is to identify a partition Z = {C 1 , C 2 , …, C k } of X to obtain the minimum value of the function in equation (3):
is the Euclidean distance from data point X j to the clustering centre C i . In the k-means clustering algorithm, continuous iteration is performed to obtain the minimum objective function values, constantly updating the cluster centre to increase similar data points and decrease data points of different classes of similarity, thus achieving clustering. The objective function is:
When the value of the objective function is minimal,
2 0
Then the clustering centres are:
In equation (5), n i is the number of data points of the set i. The principle of segmentation of the lung parenchyma based on k-means clustering is as follows.
Step 1 K data points are randomly selected for the initial cluster centres.
Step 2 According to equation (4), each point of the data set is used to calculate the distance to the K cluster centres. In accordance with the principle of the minimum distance, these data points are then divided to a certain class.
Step 3 After equation (5) has been used to update the cluster centre, the new cluster centre is compared with the previous one.
Step 4 If the cluster centre is unchanged or the maximum number of iterations is reached, then output; otherwise, return to Step 3.
3D reconstruction of lung parenchyma
There are many different ways to construct an isosurface. One of the most representative methods is the marching cubes algorithm, which was presented by Lorensen (1987) . The essence of the algorithm is that it assumes that the rules of the raw data area 3D spatial data field, and a contour surface is then drawn from it; this is also known as an isosurface extraction algorithm. The process of the algorithm is described as follows:
Step 1 Two slices are read to form one layer at a time.
Step 2 The upper and lower two slices, corresponding to four points, form a cube.
Step 3 The layers of the cube are processed from left to right and front to back (the isosurface of each cube is extracted); the layers from bottom to top (n -1) are then treated until the end is reached.
In the present study, we adopted a marching cubes algorithm for segmentation proposed by Delibasis et al. (2001) .
Nodules segmentation based on the ACO-based 3D region growing
In this paper, ant colony algorithm is utilised to extract seed points in PET images for 3D region growing for pulmonary nodules segmentation. The specific method of selecting seed points is as follows:
Step 1 Select a CT slice containing pulmonary nodules and a corresponding PET slice in lung PET-CT sequences, and perform the registration and fusion.
Step 2 Scan the fused image from left to right, and record the points with SUV > 2.5 as Q i (i = 1, 2, …, n).
Step 3 Determine the corresponding parameters and the inspired pheromone η ij for ant colony.
Step 4 Update the transition probability matrix ( ) n ij p and the pheromone matrix τ n according to equations (1) and (2). If the pixel value is larger than T and meets equation (6), then record the point as one seed point P i (i = 1, 2, …, n).
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In equation (6), x 0 is the central point of the 18 neighbourhood of pixel x i , and T 1 is an empirical value.
Step 5 Repeat the Step 4 until find all appropriate seed points.
The steps of pulmonary nodules segmentation based on 3D region growing with the seed points selected above are as follows:
Step 1 Use the above-described method to obtain the seed points P i and divide the lung into several small blocks.
Step 2 Use equations (7) and (8) to calculate the region growing guidelines of seed point P i :
1 1 
Centre on the seed points and search their 18 neighbourhood sub-blocks, then calculate the sm value between the seed point block and sub-blocks. The region growing guideline refers to a sm value smaller than SM. H(g) refers to the cumulative gray histogram of the sub-block; M and N are the weights of the template; and w(i, j) is the corresponding sub-block weight.
Step 3 Establish three tags for the seed point P i : GR (growth block tags), ER (growth results block tags), and CR (to-grow block tags).
Step 4 Search the to-grow blocks around the seed point P i and mark them CR = 1.
Step 5 For the grow blocks (GR = 0), calculate the to-grow area of the seed points to determine whether they meet the grow rule. If so, ER = i (i identify growth point) at the same time set GR = 1; if not, ER = 0.
Step 6 Repeat Steps 2-5 for each seed point P i until no new blocks can be added.
Step 7 When no seed points can grow any further, growth has ended. 
Experimental results and analysis
In this paper, all our implementations were programmed in the MATLAB 2012b environment and executed on a personal computer equipped with a 3.40 GHz Intel Core i7-3770 processor with 8 GB RAM. The experimental images are consecutive PET-CT images of 219 patients from January 2010 to January 2014 at the Coal Center Hospital in Shanxi. Of these 219 patients, 120 were confirmed to have an SPN using plain/enhanced CT; the remaining 99 patients had inflammation. The parameters of the proposed method were set as follows: set the initial ant number as 512, loop as 600 times, iterations as 5, constant α and β respectively as 0.9 and 0.1, pheromone volatilisation coefficient is 0.1, the pheromone attenuation coefficient as 0.05, and the initial pheromone value as 0.0001. Figure 2 depicts a comparison of the experimental results of the different methods. Column 1 shows the CT images, column 2 shows the results of the method by Zhao et al. (2015) , column 3 shows the results of the method by Netto et al. (2012) , and column 4 shows the results of the proposed method.
In Figure 2 , we can see that the pulmonary nodules in column 2 are not complete; there are many missing details at the top, bottom, and edges and the surface of the pulmonary nodules are not smooth. This is attributed to a high degree of dependence on the traditional algorithm of two-dimensional segmentation without the use of correlation information between the layers. When some CT images contain minimal pulmonary nodule information (i.e., the area of the pulmonary nodules constitutes a small amount the whole lung as the nodules begin to appear in the image), then the method by Zhao et al. (2015) fails to successfully segment the pulmonary nodules. In reconstructions of pulmonary nodules, some CT images lack useful information, which impacts the judgement of the nodule features. The pulmonary nodules in column 3 are in much better visualised than those in column 2, but defects still exist. However, the pulmonary nodules in column 4 are more complete; a rag and burr hole can be clearly observed, the surface of the nodules is smooth, and each depicted nodule has greater similarity with the real nodule. This is because the proposed method is based on a 3D perspective; it uses the 3D region growing method to constantly gather similar pixels, thus overcoming the shortage of 2D segmentation. This allows for a better 3D image of the pulmonary nodules and the elimination of less useful information.
To demonstrate the superiority of this algorithm, we introduced a VOF volume coefficient, the XOR coefficient, the similarity coefficient K, and relative error (RE). The XOR and K reflect the segment accuracy of different methods by comparing the segmented area in the CT slices while the VOF and RE reflect that by comparing the segmented volume. Suppose V B is the volume of the pulmonary nodule manually segmented after calculation using the integral method; V A is the pulmonary nodule volume obtained by Zhao et al. (2015) , Netto et al. (2012) , or the proposed method; A B is the pulmonary nodule area shown in a part of the CT image; and A A is the pulmonary nodule area of the same CT image obtained by one of the three methods.
The above formulas were used to calculate the coefficients XOR, K, VOF, and RE of 219 patients, and their mean values were shown in Table 1 , indicating the difference in the accuracy of segmentation among the methods described by Zhao et al. (2015) , Netto et al. (2012) , Ren et al. (2010) and the present study. We can see that the XOR and RE values obtained by our method are lowest, while the K and VOF coefficients are highest. The segment accuracy can reach 97.62%. These results indicate greater similarity between the real pulmonary nodules and those constructed using our proposed method than the previously described methods. Our algorithm for pulmonary nodule assessment shows greater accuracy in terms of the surface characteristics and similarities and differences between the constructed nodule and the real nodule, indicating that 3D pulmonary nodule segmentation has advantages over previously described methods. To further demonstrate the efficiency of the proposed algorithm, we evaluated the time required to run each of the three methods [our algorithm, the method described by Zhao et al. (2015) , and the method described by Netto et al. (2012) ]. Table 2 depicts the running times of different methods according to the volume of the pulmonary nodules. The table indicates that when the volumes of the pulmonary nodules differ, the running times of the methods also differ. The larger the volume, the longer it takes. However, comparison of the running time of the same pulmonary nodule shows that our algorithm is obviously shorter than the others. This also demonstrates the advantage of our method.
Table 2
Running time of pulmonary nodules construction by Zhao et al. (2015) , Netto et al. (2012) We have proposed a segmentation algorithm for pulmonary nodules in PET-CT image sequences based on 3D region growing optimised by ACO. First, k-means clustering is performed to segment the lung parenchyma. And then the 3D surface rendering is used for lung parenchyma reconstruction. Finally, the ACO is used to optimise the seed points of 3D region growing and then the optimised region growing is used to segment the pulmonary nodule.
To demonstrate the effectiveness of the algorithm, we compared it with some existing method and found that the proposed algorithm results in better segmentation of pulmonary nodules. At the same time, the selection of seed points in the 3D region growing method combined with lung PET images, avoiding the manual selection process and improves the robustness of the algorithm. In our in-depth study, we found that the nodules and pleura were connected because of a small difference in density between the pleura and nodules. Thus, if nodules cannot be effectively separated from the pleura, segmentation will lead to failure. Our future studies will be dedicated to solving this type of nodule segmentation problem.
